INTRODUCTION {#sec0005}
============

A clinical version of mild cognitive impairment (MCI) has recently been introduced in the *Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition* (*DSM-5*) as mild neurocognitive disorder, making it a formal clinical diagnosis that can be used on its own or paired with an underlying etiology such as Alzheimer's disease (AD) \[[@ref001]\]. Although a specific test cut-off never was specified in the original MCI criteria \[[@ref002]\], a cut-off of 1.5 standard deviations (SD) below reference norms is usually employed in research studies \[[@ref003]\], whereas the DSM-5 criteria uses a span of 1--2 SD depending on premorbid factors \[[@ref001]\]. MCI differs from dementia in that it is not severe enough to interfere with independence in daily life, but still causes a significant decline in cognitive function. Recent clinical and population-based samples suggest an MCI prevalence of 10% to 20% for adults aged 65 years and older \[[@ref004]\]. In a German study \[[@ref006]\], the weighted total prevalence of MCI (according to the DSM-5 criteria) was 20.3%, while in the Cretan Aging Cohort which comprised 3,140 persons aged ≥60 years, the prevalence of MCI was much higher (32.4%) \[[@ref007]\]. The underlying etiology of MCI is very heterogenous, ranging from reversible causes such as depression to permanent or progressive pathological findings such as AD-related changes, cerebrovascular changes, hippocampal sclerosis, effect of trauma, metabolic diseases, etc. \[[@ref008]\].

Population-based screenings for MCI has not been proven useful regarding patient management \[[@ref011]\], so in clinical practice, the physician should focus on identifying MCI among those that seek medical care due to cognitive symptoms. In primary care, early detection of objective cognitive impairment is still challenging and the diagnosis is missed in approximately 76% of the cases. Moreover, the diagnosis is often not established until these patients are at moderate to severe stages \[[@ref011]\]. However, an early and accurate identification of cognitive impairment could ideally allow the patients to receive care, information, and treatment at an earlier stage in the disease process, which could lead to improved prognosis and decreased morbidity. Further, pending applications for disease-modifying therapies for AD at the Food and Drug Administration (FDA) seek approval specifically for the MCI stage but not the subjective cognitive decline (SCD) stage of the disease, making it even more important to differentiate these two conditions \[[@ref013]\].

Accurate detection of MCI is time-consuming and requires a comprehensive neuropsychological assessment. However, most patients are examined in primary care and therefore there is a strong need for reliable and valid brief screening instruments for the detection of MCI \[[@ref015]\]. There are many previous studies examining the identification of MCI, but unfortunately almost all of them focus on differentiating MCI from cognitively healthy controls that do not experience any cognitive symptoms \[[@ref016]\]. There is therefore a great need for studies that specifically examine cognitive tests that can differentiate between MCI and SCD to better mimic the clinical situation (dementia is per definition best identified using Activities of Daily Living scales). Further, it would be advantageous if this differentiation could be done using commonly used tests. In our recent, Pan-European survey \[[@ref019]\], we found that the most popular tests in primary care settings still are the Mini-Mental State Examination (MMSE) \[[@ref020]\] and the Clock Drawing Test (CDT) \[[@ref021]\], but they lack adequate assessment of cognitive speed and executive function and may not have the adequate psychometric properties to identify MCI \[[@ref022]\]. However, this might be improved by adding the brief test "*A Quick Test of Cognitive Speed*" (AQT) \[[@ref023]\], which has gained increasing popularity in primary care and proved to be a better combination when used with the MMSE compared to using the MMSE and CDT in the diagnostic work-up of cognitive impairment \[[@ref024]\].

In the present study, we hypothesized that the MMSE and CDT would not accurately differentiate MCI from SCD but that the addition of AQT would improve the accuracy. The aim was to examine the accuracy of the MMSE, CDT, and AQT to identify MCI in a large, consecutively included, heterogenous cohort of non-demented patients with cognitive symptoms referred to memory clinics, predominantly from primary care units.

MATERIAL AND METHODS {#sec0010}
====================

Population {#sec0015}
----------

For the present study, we included non-demented patients with cognitive symptoms from the Swedish BioFINDER Study (<http://biofinder.se>). The patients had been consecutively included between 2010 and 2015 at the Memory clinic at Skåne University Hospital and Ängelholm's Hospital in Sweden for this prospective, longitudinal cohort study. All patients had been referred to the memory clinics due to subjective or objective cognitive impairment as part of routine clinical practice. These symptoms were not necessarily memory complaints, but could also be problems in one of the other five possible neurocognitive domains: complex attention, executive function, language, perceptual-motor, and social cognition. The patients were mostly referred from primary care (80.8%), but 12.5% of the referrals came from other specialist clinics and 6.7% were self-referrals. The inclusion criteria for the SCD and MCI cohort in BioFINDER were 1) age 60 to 80 years; 2) MMSE score of 24--30 points; 3) not fulfilling the criteria for dementia; 4) fluent in Swedish to the extent that an interpreter was not necessary to fully understand the study information or to take part in the neuropsychological assessment. The exclusion criteria were 1) significant unstable systemic illness or organ failure that made it difficult to participate in the study; 2) current significant alcohol or substance misuse; 3) refusing lumbar puncture or neuropsychological assessment; 4) cognitive impairment at baseline visit that with certainty could be explained by another condition or disease such as normal pressure hydrocephalus, major cerebral hemorrhage, brain tumor, etc. For the present study, we included all participants from the MCI and SCD cohort with data on MMSE, CDT, AQT, level of education, and MCI/SCD classification.

The study was approved by the ethical review board in Lund, Sweden, and all participants gave their written informed consent.

MCI classification {#sec0020}
------------------

The classification of MCI was based on the results of a comprehensive neuropsychological test-battery and the clinical assessment of a senior neuropsychologist (SV). In borderline cases, a consensus decision was made together with two physicians. The neuropsychological test-battery assessed four cognitive domains: 1) *Verbal ability* (a multiple-choice vocabulary test, SRB:1, and Category Fluency Condition 2, Delis-Kaplan Executive Function System, D-KEFS) \[[@ref025]\]; 2) *Episodic memory* (Rey Auditory Verbal Learning Test (RAVLT) delayed recall \[[@ref027]\] and Rey Complex Figure Test (RCFT) delayed recall) \[[@ref028]\]; 3) *Visuospatial ability* (Block design, WAIS \[[@ref029]\] and the copy trial of RCFT) \[[@ref028]\]; 4) *Attention and Executive functions* (the Trail Making Test, Number-Letter Switching, Condition 4 and Verbal Fluency Condition 1, both from D-KEFS) \[[@ref025]\]. The test score from each test was compared with published age-scaled normative data and converted to a normative score. The mean z-score from the two tests of each cognitive domain constituted a composite cognitive domain score. Patients with domain z-scores of ≤--1.5 in at least one domain were classified as MCI. In agreement with the DSM-5 criteria for mild neurocognitive disorders, all subjects with composite scores of --1 to --1.5 were individually assessed by the neuropsychologist and classified as MCI if the performance was assessed to represent a significant cognitive decline in comparison with their estimated premorbid level. The MCI classification was then subtyped as amnestic single domain, amnestic multi-domain, non-amnestic single-domain, or non-amnestic multi-domain. All patients with cognitive complaints who did not fulfil the criteria for MCI were classified as having SCD, in agreement with the proposed SCD criteria (that also includes "medical help seeking" which was present for all participants in the present study) \[[@ref030]\].

The brief cognitive tests {#sec0025}
-------------------------

### Mini-mental state examination {#sec0030}

The MMSE is a cognitive test that examines five areas of cognitive function: orientation, registration, attention and calculation, word recall, and language. The maximum score is 30 \[[@ref020]\]. In the present study, the Swedish standardized revision was used (MMSE-SR), which has shown a very high inter-rater reliability (kappa of 0.95) \[[@ref031]\].

### Clock drawing test {#sec0035}

The CDT, widely acknowledged for its simplicity and ease of administration, is a measure used to detect cognitive decline associated with a variety of neurobehavioral disorders \[[@ref021]\]. Moreover, the CDT requires different cognitive abilities including visuospatial function, abstract conceptualization, executive control, concentration and auditory and visual comprehension \[[@ref032]\]. The CDT can be performed in different ways and the scoring also varies. In the present study, the subject was presented with a paper with the instructions to draw a clock and set the time to 10 past 11. The clock drawings were then scored according to the Schulman method with scores from 0 (poor) to 5 (best) \[[@ref021]\], since this method has provided among the best diagnostic accuracies compared to other scoring methods for identifying cognitive impairment or AD \[[@ref033]\].

### A quick test of cognitive speed {#sec0040}

AQT consists of three separate naming tasks. The test is time-based and consists of a task in which color and shape of 40 geometric figures should be named. Of these, color naming (e.g., red) and form naming (e.g., circle) provide single dimension naming measures that account primarily for reaction, retrieval, and response time. The third, color--form combination naming (e.g., red circle), measures reaction, retrieval, and response time as well as time for co-articulation and shifting cognitive set (alternating between naming colors and forms) \[[@ref037]\]. The color-form part of the test was used in the present study. AQT has been validated and translated in several languages, including English, Swedish, Italian, Spanish, Arabic, Greek, and Korean \[[@ref038]\].

Statistics {#sec0045}
----------

Group differences were calculated using Mann-Whitney (the three cognitive screening tests and education), *T*-test (age) or *χ*^2^ test (binary variables). Receiver operating characteristic (ROC) statistics with classification (SCD or MCI) as outcome were used to calculate sensitivities and specificities for the MMSE, AQT color-form, and CDT. To test the robustness of the accuracies and cut-offs, we divided the population in training and validation samples as well as performed repeated 10-fold cross-validations of the logistic regression models. The training and validation samples were randomly sampled, allocating 70% of the total population to the training sample and 30% to the validation sample. In the training sample, we started determining the cut-offs for the single tests MMSE, CDT, and AQT color-form according to the best Youden's index (sensitivity + specificity --1). We then tested all combinations of cut-offs for 1) MMSE and AQT; 2) MMSE and CDT; 3) CDT and AQT; and 4) MMSE, AQT, and CDT, to the determined which combination of cut-offs resulted in the highest Youden indices. The optimized cut-offs were then applied to the training sample. Diagnosis (MCI or SCD) was also predicted using logistic regression models where MMSE, CDT, and AQT scores were adjusted for age and years of education in the whole population. We also performed secondary analyses where we adjusted for age as an exponential term as well as the interaction between age and education. Differences between areas under the ROC curves (AUCs) were examined using De Long statistics \[[@ref039]\]. Models were also examined using the Akaike information criterion (AIC), where a drop of more than 2 suggests an improved model fit when adding an additional test. Internal-cross-validation was carried out using repeated 10-fold cross-validation where the entire population was dived in 10 sample of equal size. The logistic regression models were trained in 9 datasets (90% of the population) and tested/validated in 1 (10% of the population). This process was repeated 10 times so that each of the 10 samples had been a test sample. Then, this entire 10-fold process was iterated 5 times (with new, randomly selected datasets) to obtain a mean AUC and accuracy (% correctly classified cases) from the 5×10 analyses derived from datasets separate from the ones where the model estimates were developed. The data were analyzed in SPSS Statistics version 22 (IBM, Armonk, NY, US), in MedCalc Statistical Software version 14.10.2 (MedCalc Software, Ostend, Belgium; <http://www.medcalc.org>; 2014) and in R version 3.4.4 (The R Foundation for Statistical Computing).

RESULTS {#sec0050}
=======

Demographics {#sec0055}
------------

[Figure 1](#jad-75-jad191191-g001){ref-type="fig"} shows the enrolment process and [Table 1](#jad-75-jad191191-t001){ref-type="table"} the characteristics of the BioFINDER cohort stratified by classification (SCD or MCI). Compared to the SCD group, the MCI group consisted of significantly more women, performed poorer on all brief cognitive tests, and had a higher prevalence of ischemic heart disease and *APOE* *ɛ*4 carriers. Characteristics of the randomly grouped training and validation samples (for testing the robustness of cut-offs) are shown in [Supplementary Table 1](#S1){ref-type="supplementary-material"}. The only significant difference between the training and validation sample was a slightly increased mean AQT score in the training sample (83.6 s, SD 28.4 s) compared to the validation sample (79.0 s, SD 26.7 s; *p* = 0.038).

![Enrollment process. The eligible population was defined as those who met the inclusion criteria (see Methods). Participation in other studies was not an exclusion criterion, but because of multiple investigations at the same time, some patients could not be included in the present study. "Any missing data" was defined as missing data for MMSE, CDT, AQT, SCD/MCI classification, or years of education.](jad-75-jad191191-g001){#jad-75-jad191191-g001}

###### 

Characteristics of the SCD and MCI groups

  Characteristic                            SCD           MCI           *p*
  ------------------------------------ ------------- ------------- -------------
  N                                         208           258      
  Age mean, y                           70.0 (5.7)    71.0 (5.4)       0.061
  Female sex, N (%)                     109 (52.4)    104 (40.3)     **0.009**
  Education, y                          12.5 (3.5)    11.1 (3.2)     **0.001**
  Stroke, *n* (%))                      26 (12.5%)    38 (14.7%)       0.487
  Hypertension, *n* (%)                 62 (29.8%)    84 (32.6%)       0.525
  Diabetes (*n* (%))                     17 (8.2%)    26 (10.1%)       0.522
  Ischemic heart disease (*n* (%))       19 (9.1%)    45 (17.5%)     **0.010**
  Atrial fibrillation (*n* (%))          14 (6.7%)     15 (5.8%)       0.704
  Congestive heart failure (*n* (%))     3 (1.4%)      3 (1.2%)        1.000
  Hyperlipemia (*n* (%))                25 (12.5%)     21 (8.2%)       0.211
  *APOE* *ɛ*4 carrier (*n* (%))         78 (37.5%)    131 (50.8%)    **0.002**
  MMSE, points                          28.5 (1.4)    27.0 (1.8)    **\<0.001**
  AQT                                   74.1 (20.4)   88.8 (31.3)   **\<0.001**
  CDT                                    4.5 (0.9)     4.0 (1.1)    **\<0.001**
  **MCI subtype**                                                  
    Amnestic MCI single domain              N/A       107 (41.5%)  
    Amnestic MCI multidomain                N/A       84 (32.6%)   
    Non-amnestic MCI single domain          N/A       47 (18.2%)   
    Non-amnestic MCI multidomain            N/A        19 (7.4%)   
    MCI not subclassified                   N/A        1 (0.4%)    

Data are in mean (standard deviation) if not otherwise specified. SCD, subjective cognitive decline; MCI, mild cognitive impairment; n, number of patients; N/A, not applicable; MMSE, Mini-Mental State Examination; AQT, A Quick Test of Cognitive Speed; CDT, Clock Drawing Test.

Detection of MCI using cross-validated cut-offs {#sec0060}
-----------------------------------------------

First, sensitivities and specificities at the highest Youden index were established in the training sample (*n* = 326) for single and combinations of cognitive tests (AQT, MMSE, and CDT). Then, the cut-offs were tested in the validation sample (*n* = 140). Finally, optimized logistic regression models adjusted for age and education were tested in the whole population to examine the potential diagnostic accuracy of the tests.

In the training sample, the best single test was the MMSE, which at the optimal cut-off of \<28 p had a sensitivity of 59% and a specificity of 79% ([Table 2](#jad-75-jad191191-t002){ref-type="table"}). AQT and CDT had lower sensitivities at their optimal cut-offs, 55% and 34%, respectively, and approximately similar specificities. When testing the optimal combination of cognitive test cut-offs, MMSE \< 27 p or AQT \> 91 s performed better than any combination of MMSE and CDT. No clear improvement was seen when adding the CDT to MMSE and AQT ([Table 2](#jad-75-jad191191-t002){ref-type="table"}).

###### 

ROC analysis for identifying MCI using MMSE, CDT, and AQT in the training and validation samples

  Total number of tests   Training sample (*n* = 326)                            Validation sample (*n* = 140)                                              
  ----------------------- ----------------------------------------------------- ------------------------------- ---------- ---------- ---------- ---------- ----------
  **1**                   **MMSE** **\<** **28**                                           **59.1**              **79.3**   **0.38**   **72.7**   **60.3**   **0.33**
  **1**                   AQT \> 83 s                                                        54.7                  73.8       0.28       68.8       49.2       0.18
  **1**                   CDT \< 4 p                                                         33.7                  85.5       0.19       35.1       85.7       0.21
  2                       MMSE \< 28 AND AQT \> 52                                           58.0                  80.7       0.39       40.3       87.3       0.28
  **2**                   **MMSE** \< 27 OR AQT \> **91**                                  **65.8**              **79.3**   **0.45**   **55.8**   **77.8**   **0.34**
  2                       MMSE \< 30 AND CDT \< 5                                            48.6                  75.2       0.24       42.9       82.5       0.25
  2                       MMSE \< 28 OR CDT \< 4                                             69.6                  70.3       0.40       63.6       68.2       0.32
  3                       **MMSE** \< 27 OR AQT \> **91 OR CDT** **\<** **2**              **66.3**              **79.3**   **0.46**   **57.1**   **77.8**   **0.35**

^\*^Cut-offs were established in the training sample according to the highest Youden index and tested in the validation sample. MMSE, Mini-Mental State Examination; AQT, A Quick Test of Cognitive Speed; CDT, Clock Drawing Test.

When applying the cut-offs on the validation sample, all accuracies were lower than in the training sample, except for the CDT which had a marginally higher sensitivity (35%) and specificity (86%) ([Table 2](#jad-75-jad191191-t002){ref-type="table"}). Similar Youden indices (sensitivity + specificity --1) were seen for the best single and combination of tests in the validation sample (MMSE, 0.33; MMSE \< 27 or AQT \> 91, 0.34; MMSE \< 27 or AQT \> 91 or CDT \< 2, 0.35).

Logistic regression models for identifying MCI {#sec0065}
----------------------------------------------

To further test the potential diagnostic value of the different cognitive tests (and combinations of them), they were examined in logistic regression models adjusted for age and education. Using single tests and different combination of tests, 62--71% of the patients were classified correctly ([Table 3](#jad-75-jad191191-t003){ref-type="table"}). Overall, the Youden indices for the optimized model cut-offs were similar compared to the previous approach of "manually" identifying the best combination of cut-offs in the training sample without adjusting for age and education. The ROC curves with corresponding sensitivities and specificities for the cognitive tests are shown in [Fig. 2A and 2B](#jad-75-jad191191-g002){ref-type="fig"}. When comparing the different AUCs of the single test models ([Table 3](#jad-75-jad191191-t003){ref-type="table"}), MMSE (AUC 0.75) performed better than AQT (AUC 0.68; *p* \< 0.01) and CDT (AUC 0.66; *p* \< 0.001). No significant improvement was seen when adding AQT or CDT to the MMSE (AUC Δ 0.00 to 0.01; *p* \> 0.1) and no significant differences were found between any combination of tests, except that AQT and CDT performed significantly worse than the other test combinations. The highest accuracy was found for the model that included MMSE, CDT, and AQT (70.8% correctly classified; AUC 0.77, AIC 545), but the AIC suggested overfitting compared with MMSE and AQT (69.1% correctly classified; AUC 0.76, AIC 547). There was a positive interaction between age and education in all models (*p* = 0.02--0.048), except for the model including only AQT. However, the AUCs of the models with the interaction term had similar AUCs compared with the main effect models (Δ AUC \<0.01) and no significant differences were found. We also included age as an exponential term, but it was not significant in any of the models.

###### 

Detection of MCI in the total population using logistic regressions models

  Predictors          AUC (95% CI)                  AIC   Accuracy   Sensitivity   Specificity   Youden index
  ------------------- ---------------------------- ----- ---------- ------------- ------------- --------------
  MMSE                0.75 (0.70--0.79)^1,2^        557    66.5%        55.0%         83.2%          0.38
  CDT                 0.66 (0.61--0.71)             609    61.6%        48.4%         77.9%          0.26
  AQT                 0.68 (0.63--0.73)             600    63.7%        78.7%         50.5%          0.29
  MMSE and CDT        0.75 (0.71--0.80)^4,5,7^      552    69.1%        64.0%         76.4%          0.40
  MMSE and AQT        0.76 (0.72--0.80)^4,6,8^      547    68.5%        66.2%         73.1%          0.39
  AQT and CDT         0.71 (0.66--0.75)^1^          590    65.8%        65.9%         69.2%          0.35
  MMSE, CDT and AQT   0.77 (0.72--0.81)^3,4,6,9^    545    70.8%        72.5%         69.7%          0.42

All models were adjusted for age and education. Neither age nor education were significant in any of the models except for the single cognitive test models with CDT and AQT, respectively. AIC shows the model fit in relation to the number of predictors in the model, where a decrease in *Δ*AIC of \< --2 equals a significant better model fit (the addition of an extra cognitive test is thus justified if the AIC drops by \>2). Accuracy was defined as % correctly classified cases (MCI or SCD) using a probability cut-off of 0.5. Sensitivity and specificity are shown for the probability cut-off (probability output from the logistic regression model) that provides the highest Youden index (sensitivity + specificity --1). ^1^*p* \< 0.01 compared to CDT; ^2^*p* \< 0.05 compared to AQT; ^3^*p* \< 0.05 compared to MMSE; ^4^*p* \< 0.001 compared to CDT; ^5^*p* \< 0.01 compared to AQT; ^6^*p* \< 0.001 compared to AQT; ^7^*p* \< 0.05 compared to AQT and CDT; ^8^*p* \< 0.01 compared to AQT and CDT; ^9^*p* \< 0.001 compared to AQT and CDT. AIC, Akaike Information Criterion; AUC, Area under the Curve; MMSE, Mini-Mental State Examination; AQT, A Quick Test of Cognitive Speed; CDT, Clock Drawing Test.

![ROC curves from logistic regression models for identifying MCI. A shows the ROC curves of the individual cognitive tests adjusted for age and education in logistic regression models with classification (SCD or MCI) as outcome variable. B shows the different combinations of tests, also adjusted for age and education. See [Table 3](#jad-75-jad191191-t003){ref-type="table"} for more details. AUC, Area under the Curve; MMSE, Mini-Mental State Examination; AQT, A Quick Test of Cognitive Speed; CDT, Clock Drawing Test.](jad-75-jad191191-g002){#jad-75-jad191191-g002}

To assess the robustness of the models, a 10-fold cross-validation approach was applied. Here, the mean accuracies were overall slightly lower than when optimizing them for the whole population (61--70%; [Supplementary Table 2](#S1){ref-type="supplementary-material"}).

DISCUSSION {#sec0070}
==========

In this study, we examined the accuracy of the two most commonly used brief cognitive tests (MMSE and clock drawing test) and a sensitive test of attention and executive function (AQT) for identifying MCI in consecutively included patients seeking medical care due to cognitive symptoms (*n* = 466). Despite analyzing single tests, optimal combination of tests and multivariable models adjusted for age and education, none of them could differentiate MCI from SCD with adequately high accuracy (a sensitivity and specificity of \>80% is usually suggested) \[[@ref011]\].

To the best of our knowledge, only one previous study has examined the accuracy of either MMSE, CDT, or AQT for identifying MCI and differentiating it from SCD \[[@ref042]\]. In that study, 32 elderly with subjective memory complaints and 74 with MCI were recruited from community centers for the elderly. At \<29 points, the MMSE had a sensitivity of 64% and a specificity 79%, and the CDT did not differ between the groups. Other available studies have instead examined how the tests can differentiate MCI from cognitively healthy controls. A large meta-analysis of 47 studies and 17,749 participants showed that the MMSE had a sensitivity of 66% (95% CI 61--72%) and a specificity of 74% (95% CI 69--78%), similar to the present study \[[@ref016]\]. The same review, showed that the CDT at standard cut-offs had a fairly high (\>80%) specificity for MCI, but the corresponding sensitivities were unacceptably low (30--65%) \[[@ref016]\]. Other reviews have found similar poor accuracies for the CDT \[[@ref017]\]. Only one previous study has examined AQT and found no difference between MCI and controls. \[[@ref043]\]

In our opinion, the comparison between MCI and cognitively healthy controls does not warrant clinically relevant diagnostic accuracies. In a clinical situation, where a patient seeks medical help due to cognitive symptoms, the physician needs to be able to differentiate MCI from the more benign condition SCD. Although SCD can be a very early sign of a neurodegenerative disorder, the annual progression rate from SCD to MCI is only 6--7% \[[@ref044]\], and in community-based populations, the incidence of AD is not significantly higher in SCD compared to healthy controls \[[@ref048]\]. On the other hand, for MCI, the annual conversion rate to AD dementia range from 7.5% to 16.5% in clinic-based studies, and from 5.4% to 11.5% in community-based samples \[[@ref049]\].

In the present study we used multiple approaches to examine the accuracy and potentially clinical applicability of the tests. When testing the optimal cut-offs from the training sample (*n* = 326) in the validation sample (*n* = 140) to examine their potential generalizability, all single and combinations of tests had 5--10% lower combined sensitivity and specificity (except for the CDT; [Table 2](#jad-75-jad191191-t002){ref-type="table"}). The best combination of all three tests had no higher accuracy than a sensitivity of 57% and a specificity of 78% (Youden index: 0.35) and the combination of just MMSE and AQT performed similarly ([Table 2](#jad-75-jad191191-t002){ref-type="table"}). When we instead ran optimized logistic regression models adjusted for age and education in the whole population, the accuracy was slightly higher ([Table 3](#jad-75-jad191191-t003){ref-type="table"}). As for the combination of tests, AQT and CDT performed worse, but otherwise there were no significant differences between the AUCs ([Table 3](#jad-75-jad191191-t003){ref-type="table"}). When instead comparing the model fits, it was more or less a dead race between MMSE and AQT (AIC 547) and MMSE, AQT, and CDT (AIC 545). Despite previous findings that this combination of tests has been favored for screening for dementia, it is difficult to justify the use of CDT in practical settings in addition to MMSE and AQT in order to identify MCI \[[@ref050]\]. Ways that could improve the accuracy of these tests, especially the MMSE, include applying item response theory and taking into account the continuum that exists between healthy and cognitively impaired which is not accounted for using ROC analysis \[[@ref051]\] or examining changes in the tests related to the time-course of the underlying disease. \[[@ref052]\] By applying Modern Test Theory and Gompertz Law \[[@ref053]\] preferably implemented in computerized testing, future studies may improve the use of tests such as the MMSE.

A limitation of our study was the inclusion criteria of MMSE scores from 24 to 30 points. Given the high specificity for dementia at this cutoff \[[@ref054]\], it is unlikely that it had any important effect on the inclusion of MCI and SCD participants and hence the present results. Nonetheless, we acknowledge that this criterion may potentially have affected the accuracy of the MMSE to identify MCI. Strengths of the present study include the comprehensive neuropsychological battery used to classify MCI, the large population of consecutively included patients with cognitive symptoms. Future studies should extend the analysis to include unselected primary care populations and include newer and more sensitive cognitive tests.

During the recent one to two decades there have been many breakthroughs in AD and dementia diagnostics with CSF analysis of amyloid-β, tau, and neurofilament light, amyloid-β PET, tau PET, and regional atrophy measures from MRI and FDG-PET. However, these diagnostic tools are only available in specialist settings, while primary care still uses the same diagnostic tools as in the late 1970s when the combination of MMSE and CDT was introduced. Our findings as well as other studies show that more novel tests need to replace the MMSE and CDT as the standard screening tests for MCI, especially in primary care \[[@ref055]\]. Such newer promising tests should preferably be freely available and may include the Montreal Cognitive Assessment \[[@ref016]\], the Memory Alteration Test \[[@ref057]\], and sensitive computerized tests \[[@ref058]\]. Given the possible breakthrough in disease-modifying treatments, where the indication probably will cover MCI and mild dementia but not SCD \[[@ref014]\], there is now a great need to focus on improving the diagnostic work-up for identifying MCI.
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======================

###### Supplementary Tables

###### 
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